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Abstract: The mass accumulation of population in the larger cities of India has led to accelerated
and unprecedented peripheral urban expansion over the last few decades. This rapid peripheral
growth is characterized by an uncontrolled, low density, fragmented and haphazard patchwork of
development popularly known as urban sprawl. The Kolkata Metropolitan Area (KMA) has been
one of the fastest-growing metropolitan areas in India and is experiencing rampant suburbanization
and peripheral expansion. Hence, understanding urban growth and its dynamics in these rapidly
changing environments is critical for city planners and resource managers. Furthermore, understand-
ing urban expansion and urban growth patterns are essential for achieving inclusive and sustainable
urbanization as defined by the United Nations in the Sustainable Development Goals (e.g., SDGs,
11.3). The present research attempts to quantify and model the urban growth dynamics of large
and diverse metropolitan areas with a distinct methodology considering the case of KMA. In the
study, land use and land cover (LULC) maps of KMA were prepared for three different years (i.e., for
1996, 2006, and 2016) through the classification of Landsat imagery using a support vector machine
(SVM) classification approach. Then, change detection analysis, landscape metrics, a concentric
zone approach, and Shannon’s entropy approach were applied for spatiotemporal assessment and
quantification of urban growth in KMA. The achieved classification accuracies were found to be
89.75%, 92.00%, and 92.75%, with corresponding Kappa values of 0.879, 0.904, and 0.912 for 1996,
2006, and 2016, respectively. It is concluded that KMA has been experiencing typical urban sprawl.
The peri-urban areas (i.e., KMA-rural) are growing rapidly, and are characterized by leapfrogging
and fragmented built-up area development, compared to the central KMA (i.e., KMA-urban), which
has become more compact in recent years.
Keywords: land use and land cover; change detection; landscape metrics; Kolkata Metropolitan
Area; urban growth dynamics; SDG 11.3; concentric zone approach; spatiotemporal heterogeneity;
Shannon’s entropy
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1. Introduction
Detecting and quantifying urban expansion patterns and processes are standard
practices in urban sprawl studies [1–4]. According to Wilson and Chakraborty [5], studying
the physical characteristics of urban growth as a pattern of urban development is one of the
most common approaches in defining urban sprawl. Change in the urban built-up area, i.e.,
all human-made structures and impervious surfaces, is typically employed as an efficient
and straightforward parameter for quantifying urban expansion and urban sprawl [6–8].
Urban expansion can be efficiently monitored and modeled using remote sensing (RS)
and geographic information systems (GIS) tools, which are cost-effective and technolog-
ically robust [4,9,10]. Researchers have developed various indices and models coupled
with RS-GIS to quantify patterns and processes of urban growth in cities. Change detec-
tion using multispectral and temporal RS images is a popular method for mapping the
spatiotemporal dynamics of land cover in an area. Based on these land-cover-change maps,
Shannon’s entropy (Hn) has proven its usefulness and reliability in quantifying the degree
of compactness and dispersion of urban growth in absolute scale [4,9,11–13]. On the other
hand, landscape metrics or spatial metrics [14], though initially emerging in the field of
‘landscape ecology’, are also increasingly being applied to quantify and monitor patterns of
physical urban growth on a relative scale [15,16]. However, the use of a single metric may
not reflect the actual reality, as each metric tends to have certain limitations. Researchers
often use Hn in combination with other landscape metrics to establish and explain the
results with greater certainty [4].
The Hn and other different landscape metrics have been applied at various spatial
and administrative levels within city systems to analyze urban growth. Some studies
consider a total city-system as the unit of analysis [4,17]. Others have considered smaller
parts of the whole city as units of analysis, such as ward level in a city [4,18,19], arbitrarily
created sub-zones within a city system [4,12,20], or concentric circles of specific width(s)
encircling a city center [3]. Moreover, zonal and city-level units are often considered at the
same time to investigate urban growth effectively [4,21]. The Kolkata Metropolitan Area
(hereafter KMA) depicts a very diverse structure. Metropolises in India consist of statutory
urban areas in the central part and rural or peri-urban areas outside of the statutory urban
areas. Such central and peripheral regions within the same metropolitan system have
different administrative bodies, economic structures, population composition, etc. Notably,
the increase in size and population growth varies substantially from the urban core to
the rural periphery [4]. Therefore, it is necessary to analyze, quantify and monitor such
built-up growth dynamics at rural and urban levels within the same metropolitan system
to achieve the inclusive and sustainable urbanization target as defined by the United
Nations in Sustainable Development Goal (SDG) 11.3 and to make urban planning more
realistic [22,23].
The present study attempts to quantify the urban growth dynamics of the KMA, India,
using an integrated RS-GIS application, and to prepare recommendations for inclusive and
sustainable urbanization (SDG 11.3). For this purpose, a zoning approach has been used
to examine the urban growth dynamics of KMA at three different spatial levels, namely
KMA, KMA-urban, and KMA-rural [4,24]. Multispectral and temporal Landsat Thematic
Mapper (TM) and Operational Land Imager (OLI) imageries were considered over 20 years,
i.e., between 1996 and 2016. Post-classification comparison was applied as a change detection
technique for analyzing spatiotemporal dynamics of land cover in the metropolitan area driven
by rapid built-up growth [25,26]. The Hn was employed to quantify the degree of compactness
and dispersion of the physical growth of KMA on an absolute scale. Moreover, a set of other
landscape metrics were applied to analyze the pattern, fragmentation, and heterogeneity of
the physical growth in KMA and their dynamics over time on a relative scale. Finally, a set
of policy recommendations and measures has been proposed for achieving SDG 11.3. The
current study represents a unique contribution to urban landscape heterogeneity analysis and
urban growth dynamics concerning the proposed zoning approach, areal coverage under the
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study, and the use of landscape metrics. The following objectives were framed to address the
research questions considered:
• Classifying land use and land cover (LULC) maps of KMA by applying machine
learning using a support vector machine (SVM) approach.
• Implementing post-classification comparison-led change detection analysis concerning
spatiotemporal dynamics in class area, percentage, and growth of LULC in KMA.
• Quantifying the spatiotemporal pattern of urban growth in KMA employing the
selected landscape metrics.
• Measuring the degree of compactness and dispersion in urban growth and determin-
ing the presence and degree of urban sprawl in KMA with a black-and-white scale
applying the Hn approach.
• Preparing a set of policy recommendations and measures from the finding of the study
for achieving sustainable urbanization (SDGs 11.3) and capacity for participatory,
integrated, and sustainable planning and management for KMA.
2. Materials and Methods
2.1. Research Area
This study focused on the KMA as a case study for spatiotemporal assessment and
quantification of urban growth dynamics for the achievement of sustainable urbanization
(SDG 11.3) in developing countries. Kolkata is one of the important fast-growing million-
population-level cities in eastern India with major consequences of rapid urban growth
within the periphery area and sprawl development [27]. Over the last two decades, the
KMA has been growing at an annual rate of about 2% with increase of the population
from 9.19 million in 1981 to 13.21 million in 2001 [28], and to 14.11 million in 2011. This
accumulation of population in the suburbs has accelerated peripheral urban growth in
KMA, particularly during the last few decades, as shown in Figure 1. The KMA occu-
pied approximately 361 sq. km during independence. However, it expanded in area to
1350 sq. km and 1851.41 sq. km by 1991 and 2001, respectively. Presently, KMA extends
over an area of 1886.67 km2 [4,29,30]. The metropolitan area’s growth has been unchecked
as suburbanization has rapidly engulfed agricultural land, vegetation cover, and water
bodies along the periphery.
The present study used a zoning approach to assess the urban growth dynamics in
KMA. The zoning approach examined the growth dynamics in KMA at three different
spatial levels, namely KMA (the whole metropolitan area), KMA-urban (all statutory urban
areas within KMA), and KMA-rural (rural areas and census towns) [4,24], as shown in
Figure 1.
2.2. Data Source and Methodology
The present study used remotely sensed Landsat satellite images as the prime database
for three specific points of time, i.e., 1996, 2006, and 2016 (the details of acquired satellite
images are provided in Appendix A). All three images were classified into six classes,
namely built-up, mixed built-up, water bodies, vegetation, agricultural land, and bare
or barren land, applying the SVM classification approach, to reflect the major land-use
types of KMA (LULC class definitions are given in Appendix B). The SVM-generated final
LULCs for 1996, 2006, and 2016 (Appendix C) were taken as the input databases for further
analysis. The vector map of KMA depicting the zoning approach was also taken as an
input in this study. The methodology adopted in the present study is represented by a
flowchart (Figure 2).
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Figure 1. Study area map. (A) Location of KMA in India; (B) The adopted zoning approach in the present study [4]; (C) Historical
growth of the urban agglomeration of Kolkata (source: based on NATMO special series map, Plate 14); (D) Decadal population
accumulation in KMA and suburbs of KMA during 1901–2011.
In the present study, a total of 400 random points was generated for each of the classi-
fied maps separately, applying a stratified random sampling technique with a minimum
threshold of 50 points for each category for assessing accuracies of the classified images
for 1996, 2006, and 2016. The achieved overall accuracies for the classified imageries were
found to be 89.75% for 1996, 92.00% for 2006, and 92.75% for 2016. The Kappa index
of statistical agreement for all the three classified maps, i.e., 1996, 2006 and 2016, were
observed at 0.879, 0.904, and 0.912, respectively. Hence, all the observed Kappa agreements
in the present study can be described as close to ideal [31]. Therefore, all the achieved
accuracies found in the present study were satisfactory and acceptable. Table 1 presents a
summary of the accuracy assessment; Appendix D shows the detailed error relating to the
accuracy assessment of the classified LULC maps for 1996, 2006, and 2016.
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Figure 2. Methodological flowchart for quantifying urban growth in KMA.
Table 1. Summary of accuracy assessment of the classified images.




Change detection refers to the process of determining an aerial change in land cover
based on co-registered multi-temporal RS data. The present study applied the post-
classification comparison-led change detection technique [25,26] for analyzing land cover
dynamics in the metropolitan area of KMA with the adopted zoning methodology, i.e.,
KMA, KMA-urban, and KMA-rural during 1996–2006, 2006–2016, and 1996–2016. The
applied change detection technique provides ‘from-to’ change information and the kind
of land cover transformations that have occurred over a particular period and can be
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readily derived and mapped [32]. The change detection analysis undertaken considered
the spatiotemporal dynamics in the class area (CA), the percentage of landscape (PLAND),
decadal growth, gain and loss, net change, and contributors to the net change in the LULC
of KMA.
2.3. Landscape Metrics
Landscape metrics are quantitative indices used to quantify the structure, pattern,
and spatial heterogeneity of patches and landscapes within a designated landscape bound-
ary [14,33]. Landscape metrics can be spatially explicit patch-based and pixel-based indices
as well as spatially non-explicit aggregate measures [15,34,35]. There are a large number of
metrics that different scholars have used. The metrics mentioned above can be applied at
the patch level, class level, and landscape-level, or all three levels, to measure heterogeneity
in the pattern of the landscape.
The application of spatial metrics and RS and GIS in urban studies, especially in the
quantification, mapping, and modeling of urban growth and sprawl, is a recent practice
and is still at an exploratory stage. However, many studies have applied the metrics in the
field of urban studies. Several of these studies, such as Geoghegan et al. [36], Alberti and
Waddell [37], Parker et al. [38], Herold et al. [15], Cabral et al. [16], Taubenböck et al. [38],
Zhang [39], Pham et al. [40], Tian et al. [41], Kong et al. [42], Lü et al. [43], and Wu et al. [44]
have applied and suggested specific metrics to use in urban morphology and to quantify
structures and patterns of urban growth and urban sprawl considering effectiveness and
scaling effects.
Even though spatial metrics have essential applications in quantifying urban growth
and urban sprawl [45], there are some challenges related to the application of spatial metrics.
Some of the metrics are correlated and, therefore, may contain redundant information [46,47].
According to Parker et al. [37], there is no standard set of metrics best suited for urban studies,
and the relevance of the metrics varies with the objectives under study.
Though the selection of metrics has been difficult and there is a lack of metrics best
suited for quantifying urban growth, some studies, such as Alberti and Waddell [36],
Parker et al. [37], and Araya and Cabral [48], have compared a wide variety of different
metrics and suggested those metrics suitable for analyzing urban land cover changes.
In the present study, a set of class-level landscape metrics have been selected based
on the principles that they are: (1) important both in theory and practice, (2) interpretable,
(3) minimally redundant, and (4) easily computed. The selected class-level metrics were
CA, PLAND, number of patch (NP), patch density (PD), largest patch index (LPI), mean
patch size (AREA_MN), mean shape index (Shape_MN), perimeter area fractal dimension
(PAFRAC), total core area (TCA), core area percentage of landscape (CPLAND), mean
Euclidean nearest neighbor (ENN_NN), mesh size (MESH), aggregation index (AI), normal-
ized landscape shape index (nLSI), percentage of like adjacency (PLADJ), and clumpiness
index (CLUPMY).
In the present research, the selected class-level metrics were applied to quantify the
heterogeneity in spatial patterns and temporal dynamics of the urban expansion in KMA
using the adopted zoning approach on a relative scale. The open-source FRAGSTATS
package [49] with an 8-cell neighborhood rule was employed to compute the metrics. The
thematic LULC maps of KMA of 1996, 2006, and 2016 were used as input databases to
compute the metrics.
2.4. Shannon’s Entropy (Hn)
The measure of Hn is based on entropy theory, which was initially developed for the
measurement of information [50]. Entropy can be applied in measuring the concentration
and dispersion of a phenomenon. As a result, the Hn index has been widely used in various
fields, including urban studies. It is an important and reliable measure for deriving the
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degree of compactness and dispersion of urban growth [11,19,51,52] and quantifying urban









where, pi is the proportion of a geophysical variable in the ith zone, and n refers to the total
number of zones. The entropy value ranges from 0 to log(n). A value closer to zero indicates
a very compact distribution, whereas a value closer to log(n) indicates the distribution
is dispersed. The halfway value of log(n) is considered as the threshold value; hence, a
city with an entropy value exceeding the threshold value can be described as a sprawling
city [4,13].
The magnitude of the index signifies the level of sprawl. The measure of entropy is
superior to other measures of spatial statistics, such as Gini’s and Moran’s coefficients, as
these are affected by the size and shape, and the number of sub-units [51–54]. According
to Bhatta [47], the entropy value is a robust measure since it can identify urban sprawl in
black-and-white terms. In this study, using built-up density (ha/sq km) as the geophysical
variable, the Hn index was separately derived for KMA, KMA-urban, and KMA-rural [4,22].
Yeh and Li [52] argued that entropy values for different years could be used to show
the difference in entropy between t-1 and t-2 to indicate the magnitude of change in entropy
as a result of change in a spatial phenomenon for the specific period, as in Equation (2),
∆Hn = Hn(t2)− Hn(t1) (2)
where, ∆Hn is the magnitude of change in entropy between the period t-1 and t-2. Using
this approach, urban growth and urban sprawl can be analyzed as a temporal process. The
magnitude of change in entropy signifies whether a city is becoming more dispersed or
compact over time.
3. Results
3.1. CA and PLAND Analysis
KMA has undergone a substantial LULC transformation as a result of continuous
and rapid built-up expansion over the last few decades. The spatial overview of built-
up expansion (both built-up and mixed built-up), with its temporal dynamics during
1996–2016, is presented in Figure 3.
The magnitudes of different LULCs, i.e., CA over KMA, KMA-urban, and KMA-rural
in 1996, 2006, and 2016 are presented in Appendix E, and their corresponding temporal
growth during 1996–2006, 2006–2016, and 1996–2016 is presented in Table 2. Figure 3 shows
the corresponding proportions (%) of the LULCs, i.e., PLAND, in the respective years for
the three proposed zones in KMA. In 1996, of the KMA area a total of 31.65% comprised
built-up cover, with 16.05% urban built-up cover and 15.6% peripheral mixed built-up cover,
followed by vegetation, water bodies, agricultural land, and bare land, with area cover
of 23.17%, 16.4%, 15.85%, and 12.94%, respectively, as shown in Figure 3. However, the
scenario differed significantly when we considered KMA-urban and KMA-rural separately
along with the whole KMA. In 1996, KMA-urban and KMA-rural comprised approximately
49.43% and 15.07% of the PLAND, respectively, of built-up and mixed built-up land cover.
KMA-rural possessed an insignificant PLAND of mixed built-up cover, i.e., 2.13% in 1996,
illustrating a lower rate of peripheral urban expansion at that time. In 2006, the PLAND
of total built-up (built-up and mixed built-up) was 39.74%, 60.25%, and 21.22% in KMA,
KMA-urban, and KMA-rural, respectively. In 2016, the PLAND of built-up and mixed
built-up together was 49.43%, 66.77%, and 33.04% in KMA, KMA-urban, and KMA-rural,
respectively. Hence, KMA-rural has exhibited a steady and sharp gain in the PLAND of
total built-up recently, increasing from only 15.07% in 1996 to 33.04% in 2016. This rate of
increase has been more than double that of KMA-urban, where the total built-up cover
changed from 49.43% to 66.77% during the same period, explaining the phenomenon of
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large-scale new built-up development along the periphery. In the case of KMA-urban, the
PLAND of built-up increased from 30.74% in 1996 to 53.73% in 2016, while the PLAND of
mixed built-up decreased from 18.69% to 13.04% in the period signifying the in situ process
of conversion of mixed built-up into built-up as a result of built-up densification and infill
processes. However, the scenario of KMA-rural differs substantially from that of KMA-
urban. KMA-rural depicts a significant increase in the PLAND of both built-up and mixed
built-up from 1996 to 2016, when the PLAND of built-up and mixed built-up changed from
2.13% to 11.02% and from 12.94% to 22.03%, respectively. The higher PLAND of mixed
built-up, with its higher temporal gain in KMA-rural, indicates the phenomenon of low
density, dispersed, and rapid new built-up development there known as urban sprawl.
Figure 3. Total built-up spread and dynamics in KMA from 1996 to 2016: (a–c) present spatial built-up spread over KMA
for 1996, 2006, and 2016, respectively; the decadal built-up growth during 1996–2006 and 2006–2016 are portrayed by (d,e),
respectively; while (f) reflects built-up spread in 1996, 2006, and 2016 over KMA altogether.
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Table 2. Decadal growth (%) in the LULCs over KMA, KMA-urban, and KMA-rural during 1996–2006, 2006–2016, and
1996–2016.
Levels Periods
Land Use Land Covers (LULCs)
Agricultural Land Bare Land Built-Up Mixed Built-Up Vegetation Water Bodies
(%) (%) (%) (%) (%) (%)
KMA
1996–2006 1.31 −5.36 49.16 1.24 −19.5 −18.81
2006–2016 −9.58 2.65 31.32 10.48 −46.48 3.8
1996–2016 −8.39 −2.86 95.88 11.84 −56.91 −15.72
KMA-urban
1996–2006 −5.44 3.94 38.35 −5.17 −33.65 −32.35
2006–2016 −16.94 9.56 26.31 −26.44 −59.79 4.02
1996–2016 −21.46 13.88 74.74 −30.24 −73.32 −29.63
KMA-rural
1996–2006 3.45 −11.01 196.82 10.19 −11.72 −6.85
2006–2016 −7.44 −2.25 63.25 54.89 −40.98 3.67
1996–2016 −4.25 −13.01 384.56 70.68 −47.89 −3.43
The analysis of the temporal pattern of built-up growth over KMA, showed that during
1996–2006, the built-up area grew rapidly by 49.16% at a rate of approximately 5% per
year; however, the rate of growth slowed to 31.32% during the next decade, i.e., 2006–2016
(Table 2). In the case of mixed built-up over KMA the decadal growth rate increased from
1.24% to 10.48% between 1996–2006 and 2006–2016, respectively. The phenomena of annual
and decadal growth rate over KMA-urban and KMA-rural reflects substantial dynamics as
compared to the whole KMA. In KMA-rural, the decadal built-up growth was 196.82% during
1996–2006, increasing at a rate of approximately 20% per year. This was much higher than its
counterpart KMA-urban, where the growth rate was only 38.35% for the same period. During
2006–2016, though the rate of built-up growth in KMA-rural declined, it was higher than that
of KMA-urban. The CA of mixed built-up grew negatively in KMA-urban during the study
period by −5.17% during 1996–2006 and −26.44% during 2006–2016, whereas in KMA-rural,
it increased by 10.19% and 54.89%, respectively. Hence, KMA-rural demonstrates a rapid CA
growth of built-up and mixed built-up, signifying the occurrence of urban sprawl along the
outskirts (Table 2).
There have been noteworthy dynamics in agricultural land over KMA as a result of
incessant built-up spread. KMA comprised about 15.85% of the PLAND of agricultural land
in 1996, which fell a little to 14.55% in 2016. Even though KMA-rural has had a much higher
PLAND of agricultural land than KMA-urban over time, both of them demonstrated small
losses in the PLAND during the study period. The PLAND of agricultural land changed
from 7.84% in 1996 to 6.16% in 2016 in KMA-urban, while in KMA-rural, the same altered
from 22.26% in 1996 to 21.64% in 2016 (Figure 4). The scenario of the decadal growth of the
PLAND reveals a more substantial variation at different spatial and temporal scales. During
the study period, i.e., 1996-2016, the CA of agricultural land grew negatively, which dipped
even more during 2006–2016, i.e., by −9.58% at a negative rate of approximately −1% per
year. The growth of the CA was also found to be negative over KMA-urban and KMA-rural.
During 1996–2016, the CA in KMA-urban changed negatively by −21.46%, while the change
was approximately −4.25% in KMA-rural, much less in comparison to KMA-urban (Table 2).
Therefore, during the study period, the CA of agricultural land shrank much more rapidly
over the urban areas of KMA than its periphery or peri-urban areas.
The spatial and temporal dynamics were also evident in the PLAND and CA of vegeta-
tion cover over the KMA. Figure 4 shows that over the KMA, the vegetation cover has been
decreasing steadily and rapidly. The PLAND of vegetation cover dropped to 10.0% in 2016
from 23.17% in 1996; the loss in the PLAND was even more prominent during 2006–2016
in comparison to the period 1996–2006. The magnitude of shrinkage in the PLAND was
also higher over both KMA-urban and KMA-rural. Between 1996 and 2016, the vegetation
cover PLAND dropped to 4.51% from 16.89% in KMA-urban, and from 29.55% to 14.94% in
KMA-rural. However, in the last decade, the drop in the PLAND in KMA-rural was higher
than for KMA-urban, signifying the recent built-up sprawl over the KMA-rural at the cost of
vegetation cover. The decadal growth trend of the CA of vegetation cover reflects that during
1996–2006, the KMA-urban lost its vegetation cover by −33.65%, while there was a reduction
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of −11.72% for KMA-rural. During 2006–2016, KMA-urban experienced negative growth
of −59.79% in vegetation cover, while it was −40.98% in the case of KMA-rural. Overall,
KMA vegetation cover was reduced by −56.91% during the study period as a consequence of
uncontrolled built-up expansion in the metropolitan area.
Figure 4. Distribution of percentage of landscape, PLAND (%) of the six LULCs and their temporal change in 1996, 2006,
and 2016 in (a) KMA, (b) KMA-urban, and (c) KMA-rural.
The PLAND of water bodies showed a fluctuating pattern in the metropolitan area.
During 1996–2016, the PLAND of water bodies dropped to 13.85% from 16.40%. During
the same period, in KMA-urban and KMA-rural, the PLAND of water bodies reduced from
15.81% to 11.13% and from 17.03% to 16.21%, respectively. However, a minor variability
in the PLAND of water bodies was observed during 2006–2016, which might have been
due to different dates of the deployed satellite imageries and residual errors in image
classification. Figure 4 shows that since 2006 onwards, the conversion of water bodies into
urban impervious land cover has reduced. The decadal growth analysis (Table 2) reveals
that there has been a 15.72% shrinkage in water bodies over the study period of 20 years
(i.e., 1996–2016) in the metropolitan area, while it reduced by −29.63% and −3.43% for
KMA-urban and KMA-rural, respectively, over the same period.
Unlike other LULCs, minor spatiotemporal dynamics were evident in the case of the
PLAND and CA of bare land in the metropolitan area. There was a seemingly stable trend
in the PLAND of barren land in KMA, approximately level at 12% during the study period.
A closely similar pattern in the PLAND was observed for KMA-urban. However, in KMA-
rural, there was a loss of approximately 2% in the PLAND of bare land during the study
period. Table 2 shows that during the study period, i.e., 1996–2016, the metropolitan area
experienced negative growth in the land cover of −2.86%, while a reduction of −13.01%
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was observed in KMA-rural. This signifies that the impact of built-up expansion over
KMA-rural, i.e., peripheral KMA, has been higher than for KMA-urban.
3.2. Gain and Loss Analysis
The gain and loss analysis reveals losses for all types of land cover, excluding built-up
and mixed built-up, during the study period, i.e., 1996–2016. During the period, the land
cover of vegetation gained about 4953 ha as new areas. However, during the same period,
approximately 33,370 ha were lost from the existing areas as a result of conversion to
other types of land cover, as shown in Figure 5. The process of land cover transformation
resulted in a net loss in vegetation cover of around 28,416 ha of its area, amounting to
negative growth of −62.08% during 1996–2016. Net losses for bare land, water bodies,
and agricultural land were also reported at 7764 ha, 6984 ha, and 5930 ha leading to a
reduction in the area of the land covered by 26.02%, 23.35%, and 18.86%, over the same
period (Figures 5 and 6). In contrast, the continuous urbanization at the cost of non-built-up
land cover led to rapid growth in urban built-up areas. During the period, built-up and
mixed built-up cover increased by around 30557 ha and 18538 ha, amounting to 128.24%
and 158.50% growth, respectively (Figures 5 and 6). However, there was a loss of 9550 ha
in mixed built-up areas, which was evidently due to the conversion of mixed built-up into
built-up areas. The spatial view of gains, losses, and persistence of different land covers is
presented in Figure 5.
Figure 5. Magnitude (ha) of gains and losses in the LULCs of KMA; (a) gains and losses between 1996 and 2006, (b) gains
and losses between 2006 and 2016, and (c) gains and losses between 1996 and 2016.
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Figure 6. The spatial trend in gains and losses in the LULCs of KMA between 1996 and 2016; (a) gains,
losses, and persistence in water bodies, (b) gains, losses, and persistence in vegetation, (c) gains,
losses, and persistence in mixed built-up, (d) gains, losses, and persistence in built-up, (e) gains,
losses, and persistence in agricultural land, and (f) gains, losses, and persistence in bare land.
3.3. Contributors to the Net Change in the LULCs
The contributors with their roles in the net areal loss of land covers are shown in
Figure 7. The net areal loss in water bodies, agricultural land, vegetation, and bare land
were found to be primarily caused by the growth in mixed built-up cover followed by
the built-up cover during the study period. The most significant contributor in the net
change of water bodies appears to be mixed built-up cover, at approximately −34.45%,
followed by built-up cover (−26.88%). However, vegetation and agricultural land use had
a small positive contribution to the net change of water bodies (Figure 7). The negative
contributions of mixed built-up and built-up land cover were −128.85% and −27.67% to
the areal loss of vegetation cover, −30.70% and −12.63% to the areal loss of agricultural
land, and −43.16% and −22.45% to the areal loss of bare land, respectively. Therefore, the
growth and expansion of built-up and mixed built-up areas have been the most significant
drivers behind land cover dynamics in the metropolitan area. Moreover, the land cover
by mixed built-up appears to be the biggest threat to land covers such as agricultural
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land, water bodies, vegetation, and bare land as they are each largely being converted into
urban mixed built-up areas. This has apparently been due to the fast and haphazard urban
expansion along the periphery induced by large-scale urban sprawl and its encroachment
on other land covers.
Figure 7. Magnitude of net change (ha) in the LULCs of KMA; (a) net change between 1996 and 2006, (b) net change
between 2006 and 2016, and (c) net change between 1996 and 2016.
The land cover of mixed built-up contributed to a positive net change of built-up areas
by 78.64%, followed by water bodies (21.42%), bare land (17.93%), vegetation (14.41%), and
agricultural land (9.59%). The net change in mixed built-up was positively contributed by
all types of land cover other than built-up. The contribution of built-up in the net change
of mixed built-up was −38.60%. This explains the incidence of the rapid and massive
conversion of mixed built-up into built-up cover with time. The land cover of vegetation
was the most significant contributor to the net positive change of mixed built-up amounting
to 32.92%, followed by water bodies, bare land, vegetation, and agricultural land, as shown
in Figure 8.
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Figure 8. Contributors and their roles to the net change (%) in the LULCs of KMA between 1996
and 2016; contributors to the net change in, (a) water bodies, (b) vegetation, (c) mixed built-up,
(d) built-up, (e) agricultural land, and (f) bare land.
3.4. Landscape Metrics Analysis
Landscape metrics were computed for the classified images of KMA for 1996, 2006,
and 2016. The adopted zoning and concentric zone approaches were used in the analysis
of the results of the landscape metrics. Figure 9 presents the results of NP and PD with
Remote Sens. 2021, 13, 4423 15 of 33
their spatiotemporal trend. In KMA, the NP of built-up increased from 4525 in 1996 to
8744 in 2006; however, it declined a little to 8366 in 2016. The same trend was observed in
the case of mixed built-up cover. This explains why the degree of fragmentation in urban
growth measured by NP of built-up decreased at the metropolitan level, particularly after
2006. A significant degree of spatiotemporal dynamics in NP was observed both in KMA-
urban and KMA-rural. KMA-urban, which comprises all statutory urban areas within
KMA, showed an almost stationary trend in built-up NP after 2006, while in KMA-urban,
the mixed built-up cover showed a declining trend after 2006. The land cover of mixed
built-up presented an increasing trend of NP over KMA-rural throughout the study period,
providing a clear indication of rapid, fragmented, and dispersed built-up growth over the
KMA-rural. The results of built-up PD (NP/ha) showed a similar trend to that of of NP. The
PD analysis revealed little change in trend over the KMA-urban and KMA-rural. However,
the PD of mixed built-up appeared to be higher than the PD of built-up cover over both
KMA-urban and KMA-rural. Moreover, the PD of mixed built-up showed an increasing
trend over KMA-rural, which increased from 9.24 NP/ha in 1996 to 14.45 NP/ha in 2016.
In contrast, the mixed PD decreased from 10.34 NP/ha in 2006 to 9.3 NP/ha in 2016 over
KMA-urban. Therefore, the results of PD for built-up and mixed built-up indicated that
the urban landscape over KMA-rural was more fragmented than KMA-urban. In addition,
KMA-rural displayed an increasing trend in the fragmentation of urban growth over time.
Figure 9. Class level NP over KMA, KMA-urban, and KMA-rural depicted by (a–c), in 1996, 2006, and 2016, respectively;
and (d–f) present the temporal variation in PD of the LULCs over KMA, KMA-urban, and KMA-rural, respectively, in 1996,
2006, and 2016.
The LPI at a class level measures the proportion of the total class area contained by
the largest urban patch. In KMA, the LPI of the built-up class increased from 9.7% in
1996 to 17.9% in 2016 (Figure 10). Some variation in LPI results between KMA-urban and
KMA-rural was found. The LPI in KMA-urban changed from 19.8% in 1996 to 35.5% in
2016, whereas the LPI of KMA-rural reached 3.3% in 2016 from 0.2% in 1996. In terms
of percentage, during the study period (1996–2016) over KMA, the LPI grew by around
85%, whereas in KMA-urban and KMA-rural it grew by 79.0% and 1561.1%, respectively.
Therefore, the rate of LPI growth in KMA-rural was much higher than that of KMA-
urban, which can be attributed to the phenomenon of urban sprawl along the periphery
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of KMA-urban. The land cover of mixed built-up revealed an anomalous trend in LPI
between KMA-urban and KMA-rural. Between 1996 and 2016, the LPI in KMA-urban
grew negatively by −75.0%, while the LPI of mixed built-up grew by 203.8% in KMA-rural
over the same period (Figure 10). The negative growth of the LPI of mixed built-up cover
explains the transformation of mixed built-up into built-up cover due to the processes of
densification and infill of existing built-up patches in the mixed built-up category, whereas
the existence of higher positive growth in the LPI of mixed built-up cover over KMA-rural
signifies the recent rapid and dispersed urban growth along with peri-urban areas.
Figure 10. Class level LPI and AREA_MN; (a–c) show class level LPI for the LULCs over KMA,
KMA-urban, and KMA-rural, respectively, in 1996, 2006, and 2016; and (d–f) reflects class level
temporal trend in AREA_MN over KMA, KMA-urban, and KMA-rural, respectively, in 1996, 2006,
and 2016.
The AREA_MN of the built-up class was much larger in KMA-urban as compared
to KMA-rural. Figure 10 shows the results obtained by LPI and AREA_MN metrics. In
KMA-urban, the AREA_MN of the built-up class increased from 9.8 m2 in 2006 to 12.4 m2
in 2016, whereas in KMA-rural, the AREA_MN of the built-up class was 1.1 m2 in 2006 and
1.9 m2 in 2016. Surprisingly, during the study period, i.e., 1996–2016, the AREA_MN grew
by 19.5% in urban areas of KMA, while the same index in KMA-rural grew by 116.7% in the
same period indicating the phenomenon of rapid built-up growth in KMA-rural. The result
of AREA_MN of mixed built-up cover over KMA-rural reveals that the mean size of mixed
built-up patches grew slowly with time, changing to 1.52 m2 in 2016 from 1.4 m2 in 1996
with a growth rate of 8.9%. However, during the same period, the AREA_MN of mixed
built-up over KMA-urban decreased from 2.8 m2 in 1996 to 1.4 m2 in 2016, characterized
by a growth rate of around −49.1%. This anomaly reflects the conversion of mixed built-up
over KMA-urban and accumulation of new built-up over KMA-rural.
The shape complexity of built-up and mixed built-up categories was computed using
the Shape_MN and PAFRAC. As reflected in Figure 10, In KMA-urban, the shape com-
plexity of the built-up class decreased from 1.27 in 1996 to 1.23 in 2016, signifying that
the built-up category is becoming relatively more compact with time. However, the index
increased a little from 1.22 in 1996 to 1.23 in 2006, followed by a decrease to 1.21 in 2016.
Therefore, the shape complexity of built-up growth remains more or less uniform over
both KMA-urban and KMA-rural. However, the Shape_MN in KMA-rural showed a little
more variability as compared to KMA-urban. The results of mixed built-up Shape_MN
showed that over the KMA, the index increased from 1.27 (2006) to 1.29 (2016). How-
ever, spatiotemporal dynamics in the Shape_MN were evident across KMA-urban and
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KMA-rural. Figure 11 reflects a temporal decrease in Shape_MN of KMA-urban, whereas
KMA-rural showed an increase in Shape_MN over time. Therefore, Figure 11 indicates that
the shape complexity over the statutory urban area in KMA, i.e., KMA-urban, decreased as
a result of compact urban growth. However, the shape complexity increased in rural areas
of KMA, i.e., KMA-rural, as a result of rapid and haphazard built-up growth known as
urban sprawl. As stated previously, the measure of PAFRAC is another robust measure of
the shape complexity of physical urban growth. The obtained results of the PAFRAC in the
present study were found to be in accordance with that of the Shape_MN. However, the
spatiotemporal variability was evident in the results of PAFRAC across the KMA-urban
and KMA-rural.
Figure 11. Class level Shape_MN and PAFRAC of built-up and mixed built-up classes; (a–c) present the Shape_MN
of built-up and mixed built-up class for KMA, KMA-urban, and KMA-rural, respectively, in 1996, 2006, and 2016; and
(d–f) show the results of PAFRAC for KMA, KMA-urban, and KMA-rural, respectively, in 1996, 2006, and 2016.
Figure 12 depicts the results of the TCA and CPLAND. KMA witnessed a rapid growth
in the TCA of built-up cover. During the study period, i.e., 1996–2016, the TCA of built-up
cover grew by 86.2%. KMA-urban experienced about 70.2% growth in built-up TCA,
while KMA-rural experienced about 771.2% growth in built-up TCA. Hence, the growth of
built-up TCA over KMA-rural was much higher than KMA-urban. At the metropolitan
level, the mixed built-up TCA was characterized by a temporary increase; however, a
degree of variability was observed between KMA-urban and KMA-rural. The KMA-urban
showed a net decrease in the mixed built-up TCA between 2006 and 2016, while during the
same period, KMA-rural yielded a net increase in mixed built-up TCA. The phenomena of
the net gain and higher growth of the built-up and mixed built-up TCA over KMA-rural
may be attributed to the rapid and new built-up development over the peri-urban areas in
KMA. The results of CPLAND showed a steady increasing trend in KMA. In KMA, the
proportion of CPLAND rose from 12.3% to 23.2%, amounting to 88.6% growth between
1996 and 2016. Over KMA-urban, the CPLAND of the built-up category changed from
24.5% in 1996 to 41.7% in 2016, while in KMA-rural, the CPLAND changed from 0.7%
to 5.7% over the same period. However, KMA-rural showed a higher growth rate in the
CPLAND of built-up cover in comparison to KMA-urban during the study period. The
CPLAND of mixed built-up showed substantial variation across the different parts of KMA.
KMA showed a more or less identical proportion of CPLAND of around 5% over time.
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However, KMA-urban showed a temporal decreasing trend in the CPLAND of mixed
built-up. The CPLAND reached approximately 4.0% in 2016 decling from 7.9% in 1996.
However, a reverse trend was found in the case of KMA-rural, where the CPLAND of
mixed built-up increased from 4.0% to 6.4% over the same period.
Figure 12. Class level CPLAND and TCA; (a–c) present results of CPLAND metric for KMA, KMA-urban, and KMA-rural,
respectively, in 1996, 2006, and 2016; while (d–f) represent CAI_MN for KMA, KMA-urban, and KMA-rural, respectively, in
1996, 2006, and 2016.
Results of the ENN_MN for the built-up and mixed built-up covers are shown in
Figure 13. KMA-urban showed a steady decrease in ENN_MN over time. In KMA-urban,
the ENN_MN of built-up class reduced from 119.9 m (1996) to 90.9 m (2016). The ENN_MN
of mixed built-up also decreased from 93.8 m to 88.5 m between 1996 and 2016. The
lessening in the mean distance of built-up and mixed built-up patches illustrates the
precedent of relatively compact urban growth in KMA over time. On the other hand, KMA-
rural saw a decreasing trend in the ENN_MN of built-up between 1996 and 2006. However,
during 2006–2016, it evidenced an increase in ENN_MN, which reached 117.2 m from 113.9
m. These contrasting facts support the occurrence of dispersed built-up expansion over
KMA-rural. The ENN_MN of mixed built-up showed a decreasing trend over time. The
incidence supports the argument of rapid built-up development over peri-urban areas in
KMA, and a consequent decrease in the mean distances among the patches of the mixed
built-up category.
Figure 13. Class level ENN_MN; (a–c) present temporal dynamics of class level ENN_MN in KMA,
KMA-urban, and KMA_rural, respectively, in 1996, 2006, and 2016.
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The MESH of the built-up patches increased rapidly in KMA and KMA-urban, as
shown in Figure 14. However, in the KMA-urban, the MESH of mixed built-up cover
showed a declining trend over time. The juxtaposition of the contrasting facts over KMA-
urban indicates that the increasing trend of the MESH of built-up class was the result of the
process of infill and expansion of existing built-up areas in KMA-urban; and, the decreasing
trend of MESH of mixed built-up was because of in-situ conversion of mixed built-up into
built-up due to further concretization. In KMA-rural, the MESH of built-up and mixed
built-up showed an increasing trend over time, reflecting the peripheral expansion of the
existing built-up patches over time. Over the KMA-rural, the MESH of built-up was much
smaller compared to KMA-urban. It highlights the process of dispersed built-up growth
along suburbs in the metropolitan area. However, the MESH of mixed built-up cover in
KMA-rural was comparable to that of KMA-urban, indicating the phenomenon of fresh
built-up development over both KMA-urban and KMA-rural.
Figure 14. Class level MESH for the LULCs; (a–c) represent MESH for KMA, KMA-urban, and KMA-rural, respectively, in
1996, 2006, and 2016.
As illustrated in Figure 15, the AI results show that AI of the built-up class was
very high, at approximately 89%. In the case of KMA-urban, AI scores were higher
(approximately 91%) as compared to KMA-rural, signifying a rising trend in AI of the
built-up category over time. The results indicate that the adjacency in the built-up class of
KMA-urban was very high as compared to KMA-rural. As a result, the built-up cover in
KMA-urban was more aggregated than its counterpart of KMA-rural, where the built-up
class was less aggregated due to the built-up expansion being dispersed. The decadal
growth trend of built-up AI reflects an increasing trend, which increased from 6.7% during
1996–2006 to 13.5% during 2006–2016. It signifies the temporal accumulation of fresh
built-up areas over the KMA-rural. However, the AI of the mixed built-up class showed a
fluctuating trend over time in both KMA-urban and KMA-rural. Both cases show that the
land cover of mixed built-up was less aggregated as this was a relatively new development.
The nLSI measures if a land cover class is maximally compact with corresponding
patch type or maximally disaggregated. The results of nLSI, as given in Figure 15, reflect a
more compact than a disaggregated pattern of built-up development in the metropolitan
area of KMA since the values of nLSI were found to be around 0.1 over the study period.
However, in KMA, the nLSI of mixed built-up class suggests a more disaggregated pattern
of urban growth than that of the built-up class. The results of nLSI of mixed built-up
displayed a slightly increasing trend. In KMA-urban, the built-up class remained very
compact over the period as reflected in a meager nLSI value (Figure 15). In contrast, over
the KMA-rural, the nLSI of built-up scores was much higher than KMA-urban, showing a
slight decreasing trend over time. This scenario supports the presence of dispersed and
disaggregated built-up development over the KMA-rural.
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Figure 15. Class level aggregation metrics over KMA, KMA-urban, and KMA-rural with their
temporal dynamics during 1996–2016; (a–c) represent AI for KMA, KMA-urban, and KMA-rural,
respectively, in 1996, 2006, and 2016; (d–f) show the temporal trend of nLSI for KMA, KMA-urban,
and KMA-rural, respectively, in 1996, 2006 and 2016; (g–i) depict temporal dynamics in PLADJ for
KMA, KMA-urban, and KMA-rural, respectively, in 1996, 2006, and 2016; (j–l) present CLUMPY for
KMA, KMA-urban, and KMA-rural, respectively, in 1996, 2006, and 2016.
The PLADJ, which measures the degree of aggregation of focal patch type, was
calculated from the adjacency matrix showing the frequency with which different pairs
of patch types appear side-by-side on a map. The values of the built-up PLADJ in KMA-
urban were much higher, ranging around 91% over the years, whereas the same indices in
KMA-rural were observed to be about 20% less. Unlike KMA and KMA-urban, KMA-rural
showed a significant steady increase in the PLADJ (from 63.2% in 1996 to 76.8% in 2016) of
built-up cover (Figure 15). However, though the PLADJ of mixed built-up scores was lower
than for the built-up class, it showed identical scores in both KMA-urban and KMA-rural.
Thus, the results of PLADJ also indicate that the built-up growth of KMA-urban was much
more compact than that of KMA-rural. However, a hint of a slow rise in the level of
compaction in the built-up growth of KMA-rural was also observed.
The CLUMPY, which is a measure of compaction and dispersion of urban growth,
was calculated from an adjacency matrix showing the frequency with different pairs of
patch types. The results of CLUMPY for built-up cover were found to be near to 1 over
KMA and KMA-urban, whereas the same index value for KMA-rural was much less as
compared to KMA-urban (Figure 15). Therefore, the built-up growth of KMA-urban was
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more aggregated and compact as compared to KMA-rural. The CLUMPY of mixed built-up
showed a decreasing trend over time both in KMA-urban and KMA-rural, signifying a
dispersed growth of mixed built-up class both in KMA-urban and KMA-rural.
3.5. The Hn Analysis
The values of Hn were derived for built-up and mixed built-up covers for KMA, KMA-
urban, and KMA-rural in 1996, 2006, and 2016. The results of Hn analysis, as presented in
Table 3, reveal an increasing trend in entropy over time, characterized by spatiotemporal
variability. For all years (i.e., 1996, 2006, and 2016) over KMA, the entropy values of built-up
cover were found to be higher than half of its corresponding log(n) value, i.e., 1.89. In
1996, the entropy values were found to be 1.15 and 1.63 for built-up and mixed built-up
covers, respectively. The built-up entropy increased to 1.45 in 2016, whereas mixed built-up
entropy remained almost unchanged during 2006–2016 (Table 3). The results indicate that
the built-up growth in KMA was dispersed, and became more dispersed with time. The
Hn of mixed built-up has been much higher than that of mixed built-up cover over the
years. It indicates that urban growth through mixed built-up spread was more dispersed
than that of built-up spread. There was an approximately 0.20 positive change in the Hn
during 1996–2006; but, it reduced to 0.10 during 2006–2016. Therefore, given the Hn values
of built-up and mixed built-up covers, at the metropolitan level, KMA was sprawling.
However, the rate of sprawling tended to decrease with time. A similar kind of trend was
also observed when the built-up and mixed built-up classes were considered together, with
the entropy value tending to increase though to a lesser degree over time, as shown in
Table 3.
Table 3. Results of Hn analysis and the corresponding Log(n) values for built-up and mixed built-up classes over KMA,
KMA-urban, and KMA-rural in 1996, 2006, and 2016.
Years Levels Shannon’s Entropy (Hn) Log(n)Built-Up Mixed Built-Up All Built-Up Built-Up Mixed Built-Up All Built-Up
1996
KMA 1.15 1.63 1.48 1.89 1.89 1.89
KMA-urban 1.04 1.38 1.24 1.63 1.63 1.63
KMA-rural 1.21 1.29 1.30 1.53 1.53 1.53
2006
KMA 1.35 1.59 1.60 1.89 1.89 1.89
KMA-urban 1.19 1.37 1.30 1.63 1.63 1.63
KMA-rural 1.31 1.30 1.20 1.53 1.53 1.53
2016
KMA 1.45 1.63 1.61 1.89 1.89 1.89
KMA-urban 1.29 1.38 1.36 1.63 1.63 1.63
KMA-rural 1.35 1.34 1.31 1.53 1.53 1.53
The increase in Hn of the built-up growth was also observed over KMA-urban and
KMA-rural during the study period. The entropy value of the built-up class in KMA-
urban increased from 1.04 in 1980 to 1.19 in 2006 and then increased to 1.29 in 2016. The
corresponding log(n) value was 1.63. Unlike the built-up class, the entropy of mixed
built-up remained almost unchanged in KMA-urban. A positive change in entropy value
was apparent when the built-up and mixed built-up classes were considered together,
increasing from 1.24 in 1996 to 1.36 in 2016 (Table 3). It is important to mention that all the
entropy values for KMA-urban were observed to be above half of the log(n), signifying
the occurrence of dispersed urban growth and urban sprawl. The entropy values of the
built-up class appear to be much lower than those of the mixed built-up class during the
period, signifying the relatively more compact growth of the built-up class than that of the
mixed built-up class. The argument can further be supported from the scenario of 2016.
In 2016, the entropy value of mixed built-up was found to be closer to its corresponding
log(n) value than that for the entropy of the built-up class (Table 3). The built-up entropy
of KMA-rural changed from 1.21 in 1996 to 1.27 in 2016, where the corresponding log(n)
value stood at 1.53 (Table 3). During the same period, the entropy for mixed built-up cover
increased from 1.29 to 1.34. Therefore, the rate of change in entropy of mixed built-up
was higher than the change in the case of built-up cover in KMA-rural. However, over
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KMA-rural, the change in the value of entropy for both classes decreased more during
2006–2016 than during 1996–2006. When comparing the Hn of built-up class between
KMA-urban and KMA-rural, the entropy values for KMA-rural were found to be relatively
larger and closer to their corresponding log(n) as compared to KMA-urban.
Thus, the results of the Hn analysis indicated that the rate of dispersion of the built-up
growth in KMA-urban was decreasing over time, evidently due to the process of built-up
infill making existing built-up cover more compact. In contrast, the rate of dispersion in
KMA-rural was still very high as compared to KMA-urban. This indicates that the rural
areas within KMA were sprawling at a higher pace, characterized by leapfrogging and
dispersed types of built-up expansion. Therefore, from the entropy measurement, it is
apparent that the rural areas lying on the outskirts of KMA experienced greater sprawling
than their central counterparts.
3.6. Concentric Zone Analysis
In order to investigate the changes in the spatial pattern of urban growth in KMA
from center parts towards the periphery irrespective of rural-urban distinction, a concentric
zone approach was devised and used. In this zoning approach, a number of sequential
concentric zones of 1 km width each were demarcated around the river Hooghly to the
end of the boundary of the metropolitan area (Appendix F). The results of some selected
landscape metrics were computed for each of the concentric zones for 1996, 2006, and 2016.
The results of PLAND using the concentric zone approach are shown in Figure 16.
The PLAND of built-up reveals a consistent trend of downward change over the years
from the center to the periphery. However, some irregularities were observed in the case of
the mixed built-up class. For 1996, the PLAND of mixed built-up presents an asymmetrical
trend with distance, characterized by a prominent peak in the middle. The peak signifies
rapid built-up growth along with a transition between statutory urban and rural areas
within the metropolitan area. In addition, the curve ends with an upward trend indicating
a relatively higher proportion of built-up, which might have been because of large-scale
KMA-ward migration. The scenarios for 2006 and 2016 show a net increase of built-up
towards the periphery. The higher PLAND of mixed built-up towards the periphery
explains the process of fresh, low density, dispersed, and rapid built-up development
towards the periphery of the metropolitan area, popularly known as urban sprawl.
In 1996, the scenario of built-up PD displayed a net decrease towards the periphery;
the PD of mixed built-up surpassed that of built-up at the 11th zone and onwards because
of the presence of a large number of mixed built-up patches towards the periphery. The
cases of 2006 and 2016 also highlighted that the density of mixed built-up patches was
much higher as compared to the built-up PD. Moreover, in 2016, an overall upward trend
in the mixed built-up curve was observed, explaining the recent rapid and fragmented
built-up growth, particularly towards the periphery of the metropolitan area (Figure 17).
The concentric zone analysis of LPI for built-up and mixed built-up classes is shown
in Figure 18. For all the years considered, the LPI of the built-up class showed a descending
trend towards the periphery, which is a clear reflection of the fragmentation of built-
up cover towards the periphery. On the other hand, the LPI of mixed built-up cover
exceeded the LPI of the built-up class after a certain distance in all years. Therefore,
towards the central part, i.e., within the KMA-urban, the built-up LPI exhibited a larger
size, and towards the periphery, i.e., towards the KMA-rural, the LPI of mixed built-up
surpassed that of the built-up class. The scenario emphasizes the process of rapid and
recent fragmented built-up growth along with the peri-urban areas in KMA.
For all the years considered, the AREA_MNs showed the presence of larger size
built-up patches towards the central parts, while towards the periphery, AREA_MNs were
relatively very low, reflecting a progressive declining trend with distance. The mixed built-
up class demonstrated a similar pattern in AREA_MN across the concentric zones from the
central parts towards the periphery. In the central part, the built-up class contained patches
of much larger size, while towards the periphery, both the classes were characterized by
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smaller patches. The results account for the presence of small and fragmented built-up
patches over the peri-urban areas in KMA (Figure 19).
The arguments between aggregated and disaggregated built-up growth and compact
and dispersed growth were further examined through the deployment of AI. Over the
years, the concentric zones placed within the KMA-urban displayed a high AI value of the
built-up class. However, the values of AI tend to drop to a large extent beyond the statutory
urban areas of KMA. On the other hand, the AI of mixed built-up was characterized by a
uniform pattern with spikes across the concentric zones. Within the KMA-urban, the AI
values of the built-up class were much higher compared to those of mixed built-up. Over
the KMA-rural, the AI values of both classes were uniform. Therefore, the central parts of
KMA were characterized by compact and aggregated patterns of built-up growth, while
peripheral parts within KMA-rural were characterized by the disaggregated and dispersed
nature of built-up development (Figure 20).
Figure 16. Pattern of the PLAND plotted against the sequential concentric zones of 1 km width each around the river
Hooghly within the KMA; the pattern of PLAND of built-up and mixed built-up for the concentric zones in (a) 1996, (b) 2006,
and (c) 2016.
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Figure 17. Pattern of PD plotted against the sequential concentric zones of 1 km each around the river Hooghly within the
KMA; the pattern of PD of built-up and mixed built-up for the concentric zones in (a) 1996, (b) 2006, and (c) 2016.
Figure 18. Pattern of LPI plotted against the sequential concentric zones of 1 km each around the river Hooghly within the
KMA; the pattern of LPI of built-up and mixed built-up for the concentric zones in (a) 1996, (b) 2006, and (c) 2016.
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Figure 19. Pattern of AREA_MN plotted against the sequential concentric zones of 1 km each around the river Hooghly
within the KMA; the pattern of AREA_MN of built-up and mixed built-up for the concentric zones in (a) 1996, (b) 2006, and
(c) 2016.
Figure 20. Pattern of AI in the sequential concentric zones of 1 km each around the river Hooghly within the KMA; the
pattern of AI of built-up and mixed built-up for the concentric zones in (a) 1996, (b) 2006, and (c) 2016.
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4. Discussion
KMA has witnessed continuous built-up and mixed built-up spread over time at the
cost of non-built-up land coverage. However, substantial variation was found in such
growth between KMA-urban and KMA-rural. In KMA-rural, the built-up and mixed
built-up grew rapidly as a result of peripheral expansion. KMA-urban was characterized
by positive growth in built-up cover and negative growth in mixed built-up cover. This
explains the conversion of the mixed built-up cover into the built-up cover in KMA-urban.
The gain and loss dynamics resulted in the built-up class as the most persistent land cover,
followed by the mixed built-up cover in KMA. Mixed built-up cover was largely being
transitioned into built-up cover in KMA-urban, while in KMA-rural, all non-built-up land
cover types were largely being transitioned into mixed built-up covers. Mixed built-up
has been the most significant negative contributor to non-built-up covers, followed by the
built-up cover. A dilemma in urban growth seems to be evident in the metropolitan area,
where, on the one hand, the non-built-up land covers were being converted into mixed
built-up along the periphery at a large scale as a result of urban sprawl; on the other hand,
because of the processes of urban growth such as infill, expansion, and edge growth, the
existing mixed built-up areas were also being converted into pure urban built-up areas
over time [4,55].
The results of NP and PD showed an increasing trend in mixed built-up over KMA-
rural, implying the incidence of an increase in fragmented urban growth over KMA-rural
with time. KMA-urban showed a decrease in NP and PD after 2006, signifying the incidence
of compact growth in KMA-urban. The built-up LPI and AREA_MN were found to be
much larger in KMA-urban compared to those in KMA-rural. Over time, the LPI and
AREA_MN showed an increasing trend, while non-built-up covers showed a decreasing
trend in LPI and AREA_MN. The shape complexity of built-up and mixed built-up covers
was quantified using Shape_MN and PAFRAC. The results indicate that over time, shape
complexity in KMA-urban decreased as a result of compact urban growth, while it increased
in KMA-rural as a result of rapid and haphazard built-up growth, known as urban sprawl.
The core area metrics, namely TCA and CPLAND, revealed a higher growth trend in both
built-up and mixed built-up covers in KMA over time. They highlighted the incidence of a
considerable accumulation of new built-up development along the periphery. However,
mixed built-up showed a variable trend on the same timescale over the KMA-urban and
KMA-rural. The concentric zone analysis for the built-up and mixed built-up land covers
employing the selected metrics, namely PD, PLNAD, LPI, AREA_MN, and AI supported
the observations found in the landscape metrics analysis. In summary, they indicated that
the pattern of built-up growth tended to become fragmented, sub-divided, and dispersed
with movement towards the periphery. In turn, the pattern of growth became more
contiguous towards the urban core [55]. The results of the Hn analysis illustrated that the
urban physical growth in all spatial levels in KMA was characterized by urban sprawl.
However, in KMA-urban, the rate of dispersion decreased over time, evidently due to
the process of built-up infill, creating more compact built-up growth. In contrast, the rate
of dispersion in KMA-rural was still very high compared to KMA-urban. This implies
that the rural areas lying at the periphery within KMA were sprawling at a higher pace,
characterized by leapfrogging and the dispersed nature of built-up expansion [24,55].
This research adopted a zoning approach. That is, division into whole metropolitan,
metropolitan-urban, and metropolitan-rural areas to analyze the metropolitan growth
dynamics. Most of the existing zoning approaches analyze urban growth at different
administrative levels, such as the ward or municipality level, which may not be effec-
tive in a situation such as the KMA [19,56]. This study found that the rate and pattern
of urban growth were different at different spatial levels within KMA, that is, between
metropolitan-rural and metropolitan-urban areas. Furthermore, as previously discussed,
in a large metropolitan system such as the KMA, the urban core and rural periphery differ
from one another in terms of economic structures, infrastructural development, urban
amenities, local authorities, population growth, and other factors that are important in
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urban planning [4]. In such a large metropolitan system, the causative variables driving
built-up growth in the core and periphery are distinct, and they act in different ways.
Therefore, urban planning and policymaking may not be the same for an entire metropoli-
tan system such as KMA. As a result, the current zoning technique used in this study
represents the administrative and socioeconomic, as well as the demographic features of a
large metropolitan system. The zoning system appears to be a reliable approach in urban
growth studies and may be integrated into urban planning and policymaking processes.
5. Conclusions and Recommendations
In this article, the urban growth dynamics of KMA have been characterized and quan-
tified by applying change detection analysis, landscape metrics, and entropy approaches
with the adopted zoning approach for the period between 1996 and 2016. In the metropoli-
tan area, the level and pattern of urban expansion have changed significantly over time.
The overall findings indicate that KMA has been undergoing a typical urban sprawl. A
type of duality in the urban expansion of KMA was found, where the peri-urban regions
(i.e., KMA-rural) were fast developing, characterized by leapfrogging and fragmented
built-up development, in contrast to the central KMA (i.e., KMA-urban), which became
more compact with time.
The performance of the metrics has been tested comparatively. All of the applied
metrics performed well. The Hn analysis was found to be concordant with the results
obtained from landscape metrics analysis. The results in the present study are supported
by the spatial variation and trends in population growth in KMA, as studied by Cox [57].
Furthermore, the findings of this study support the findings of Sudhira et al. [56] and Punia
and Singh [19], despite the fact that the zoning methodology, spatial metrics, and study
area were different in this study. In the present research, the metrics’ results were mostly
independent, and the selection of the metrics was justified. The zoning technique used
appears to be a robust tool for investigating metropolitan built-up dynamics. This might
provide an effective way of studying urban growth dynamics not just for KMA, but also
for all metropolises in developing countries.
Rapid urbanization happens mostly at the expense of non-urban land coverage [58].
In countries like India, where urban planning and accompanying legal enforcement do
not appear to be stringent, such peri-urban or peripheral regions are more prone to such
transformation. Moreover, the growth of cities in developing countries occurs rapidly, often
in a haphazard fashion and irrespective of direction. This unplanned growth is triggered
by suburbanization and rural-urban migration. The timely long-term measurement and
monitoring of built-up dynamics appear to be potentially useful to policymaking commu-
nities in understanding the process of urban dynamics in big cities. Proper understanding
and long-term assessment of the pattern and processes of urban growth could provide a
basis to predict future urban growth. Furthermore, this understanding and monitoring
could aid in addressing the links between urban dynamics with different socioeconomic
and environmental processes in order to make urban planning more effective, efficient,
and sustainable in the present and in the future. On the basis of the findings of the present
study, a number of policy recommendations are proposed below for achieving SDG 11.3 in
the Kolkata Metropolitan Area:
• In the KMA, urban sprawl has irreversible negative environmental impacts. The
metropolitan area’s growth has been unchecked as the suburbanization rapidly engulfs
the agricultural land, vegetation cover, and water bodies, mostly in the form of mixed
built-up along the periphery of KMA. Moreover, such consequences are likely to be
aggravated in the coming decades. Hence, this study may be regarded as an alarm
for city administrators and policymakers to gain understanding in order to take the
necessary actions required for sustainable land management planning, especially for
the peri-urban areas, which are more vulnerable to concretization.
• The findings of the present study indicate that the pattern and process of urban
expansion vary at different levels within the KMA, that is, between KMA-urban and
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KMA-rural. Furthermore, within the KMA, the urban core and rural periphery differ
in terms of economic structures, infrastructure development, urban amenities, local
government, population growth, and other factors that are important in the urban
planning process. The causal factors driving built-up development in the core and
periphery in a big metropolitan such as KMA are also largely different. Therefore, in
order to achieve SDG 11.3 in the KMA, urban planning and policymaking cannot be
the same for the entire metropolitan system.
• In developing countries, cities grow rapidly, often in a haphazard fashion irrespective
of direction. The timely long-term assessment and modeling of built-up dynamics
appear to be of value in large cities like KMA for understanding the process of urban
growth dynamics and for the allocation of resources in the present and future, de-
pending upon changing scenarios required for sustainable long-term urban planning
and development.
• This study found that the peripheral parts of the KMA, particularly towards the west,
south-west, south, south-east, and east regions, were growing at a faster pace and
are expected to accelerate with further concretization in the near future. Hence, it is
timely for city administrators, the planning authorities, and policy-making bodies
to consider peripheral residential development of townships compatible with envi-
ronmental sustainability and with provision of proper and adequate urban amenities
and infrastructures.
• Urban floods and water logging are frequent phenomena in KMA. These are also
consequences of the haphazard and unplanned urban growth that has happened in
KMA over the decades. To avoid such problems in the future, there is a need to have
a metropolitan area as well as different spatial level identification of suitable areas
favoring urban development in KMA. The suitability mapping should be based on
all possible local and regional factors affecting urban growth. Future residential and
infrastructural development should be strictly based on suitable areas so identified.
• In order to reduce the consequences of urban sprawl in the future, future growth
should be target-based at a local and metropolitan level over time periods. Any
discrepancy between actual and target growth needs to be estimated on a decadal
basis in the future. Provision for urban planning should be properly integrated
with target-based growth. This could promote compact urban growth and avoid
leapfrogging and haphazard built-up growth in the future.
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Appendix A
Table A1. Details of the satellite images used in the present study.
Satellite Image Acquisition Date Path & Row Land Cloud Coverage (%) Reference System
Landsat TM 16 February 1996 138 & 44 Nil UTM (Zone 45N) & WGS 84
Landsat TM 16 February 1996 138 & 45 Nil UTM (Zone 45N) & WGS 84
Landsat TM 12 December 1996 138 & 44 ≤2 UTM (Zone 45N) & WGS 84
Landsat TM 12 December 1996 138 & 45 ≤2 UTM (Zone 45N) & WGS 84
Landsat OLI 7 December 1996 138 & 44 <1 UTM (Zone 45N) & WGS 84
Appendix B
Table A2. The LULC classes and their corresponding description as adopted in the current study.
Classes Definition and Description
Built-up areas All impervious structures (e.g., asphalt, concrete, etc.) typically residential, commercial andindustrial areas, village settlements, and transport infrastructures.
Mixed built-up Built-up cover mixed with vegetation and other no built-up cover.
Water bodies River, canals, ponds, reservoirs, wetlands, lakes, marshy land, and other permanent water bodies.
Vegetation Trees, mixed forest, shrub, and semi-natural forests.
Agricultural land Crop or cultivated land and pasture, playground, parks, lawn, dumping station, grassland, and otherurban recreational areas.
Bare land All types of fallow or barren lands such as open space, abandoned and unirrigated areas, bareexposed rocks and soils, transitional areas, salt flats, sandy areas, etc.
Appendix C
Figure A1. The SVM generated classified LULC maps of KMA for the selected years: (a) 1996, (b) 2006, and (c), 2016.
Remote Sens. 2021, 13, 4423 30 of 33
Appendix D









Classes * 1 2 3 4 5 6 Row Total UA (%)
1 59 0 0 0 5 2 66 89.39
2 0 87 2 0 4 0 93 93.55
3 0 0 53 5 0 4 62 85.48
4 0 0 3 56 2 3 64 87.50
5 3 2 0 0 57 1 63 90.48
6 0 0 1 2 2 47 52 90.38
Column total 62 89 59 63 70 57 400
PA (%) 95.16 97.75 89.83 88.89 81.43 82.46
OA = 89.75%
Kappa = 0.8790
* 1 = Water bodies, 2 = Vegetation, 3 = Mixed built-up, 4 = Built-up, 5 = Agricultural land, 6 = Bare land.









Classes * 1 2 3 4 5 6 Row Total UA (%)
1 50 1 0 0 2 0 53 94.34
2 0 69 3 0 3 0 75 92.00
3 0 1 58 3 1 0 63 92.06
4 0 0 5 88 0 2 95 92.63
5 1 2 0 0 60 1 64 93.75
6 0 0 1 5 1 43 50 86.00
Column total 51 73 67 96 67 46 400
PA (%) 98.04 94.52 86.57 91.67 89.55 93.48
OA = 92.00%
Kappa = 0.9046
* 1 = Water bodies, 2 = Vegetation, 3 = Mixed built-up, 4 = Built-up, 5 = Agricultural land, 6 = Bare land.









Classes * 1 2 3 4 5 6 Row Total UA (%)
1 54 0 0 0 1 0 55 98.18
2 0 51 1 0 2 0 54 94.44
3 0 0 62 3 0 0 65 95.38
4 0 0 3 112 1 2 118 94.92
5 2 5 0 0 48 3 58 82.76
6 0 0 0 4 2 44 50 88.00
Column total 56 56 66 119 54 49 400
PA (%) 96.43 91.07 93.94 94.12 88.89 89.80
OA = 92.75%
Kappa = 0.9124
* 1 = Water bodies, 2 = Vegetation, 3 = Mixed built-up, 4 = Built-up, 5 = Agricultural land, 6 = Bare land.
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Appendix E
Table A6. Statement of class areas (CA in ha) under the different LULCs in 1996, 2006, and 2016.
Levels Years
Areas under the LULCs (ha)
Agricultural Land Bare Land Built-Up Mixed Built-Up Vegetation Water Bodies
KMA
1996 27,423.18 22,391.46 27,781.65 26,995.68 40,090.86 28,381.05
2006 27,782.64 21,190.86 41,439.87 27,329.58 32,273.01 23,042.52
2016 25,121.88 21,751.56 54,419.85 30,193.02 17,273.70 23,919.21
KMA-urban
1996 6602.58 8453.97 25,885.62 15,737.85 14,221.17 13,313.79
2006 6243.48 8787.24 35,811.99 14,924.52 9435.78 9007.29
2016 5185.53 9627.39 45,232.47 10,978.47 3794.22 9369.36
KMA-rural
1996 20,820.6 13,937.49 1896.03 11,257.83 25,869.69 15,067.26
2006 21,539.16 12,403.62 5627.88 12,405.06 22,837.23 14,035.23
2016 19,936.35 12,124.17 9187.38 19,214.55 13,479.48 14,549.85
Appendix F
Figure A2. Concentric zones of 1 km width each at either side of the river Hooghly within the KMA.
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